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Antibiotic resistance is a growing threat to human health and is often
attributed to excessive clinical usage that selects for resistance.

Although many antibiotics are derived from soil microorganisms, how
environmental changes to soil ecosystems might promote resistance

is poorly understood. Here we establish drought as a driving force of
antibiotic resistance in the soil, with potentially far-reaching public health
consequences. Across various geographic regions and soil types, we
consistently observe metagenomic signatures of enrichment for antibiotic
producers under drought conditions. Experimentally, we demonstrate

that drought-induced lowering of water content concentrates natural
antibiotics, thereby intensifying selection against sensitive strains and
favouring antibiotic-resistant bacteria. Using clinical surveillance data from
116 countries, we show that the average frequency of hospital antibiotic
resistance is strongly correlated with the local aridity index, even after
controlling for regional income differences. Together, our findings reveal an
underrecognized link between climate factors and antibiotic resistance.

Antibiotics have saved millions of lives that would otherwise have been
lostto bacterialinfections. Yet, their effectivenessisincreasingly threat-
ened by the rise of antibiotic resistance. Mounting clinical failures over
the past decades have been largely attributed to the widespread usage—
and at times, over usage—of antibiotics, whichimpose strong selective
pressures on microbial populations'. Although previous research has
primarily focused on the use of clinical antibiotics and its role in the
evolution of resistance’? afundamental question has been overlooked:
Might changes to the natural ecological source of clinical antibiotics
alsoberelevantin promoting resistance?

Antibiotics were first discovered in experiments involving soil
microorganisms as early as the 1940s, where natural products made
by one soil organism were found to inhibit the growth of another>.
Although many of these natural products have since been modified
and developed into the drugs that are prescribed today, soil remains
arichreservoir of natural antibiotics that continues to be mined for
drug discovery*®. To survive in the presence of natural antibiotics,
both antibiotic producers and non-producers alike have evolved means

towithstand these compounds’ . It stands to reason that many of the
same mechanisms that promote tolerance or resistance to natural
antibiotics confer collateral resilience to synthetically derived antibiot-
ics that are used in human medicine'®. Accordingly, we reasoned that
if environmental conditions modulate the selective pressure arising
from natural antibioticsin soil, then shiftsin resistance levels amongst
soil microbial communities might follow, with potential consequences
for human health.

To test this hypothesis, we focused on drought as a key variable.
Not onlyis drought a climatic stressor projected to become more fre-
quent, severe and prolonged in the future", it also reduces soil water
content, potentially concentrating secreted secondary metabolites—
including natural antibiotics—in the soil matrix. Such concentration
would be expected tointensify the selective pressure exerted by these
compounds, leading to enrichment of both antibiotic producers and
resistant taxa. Several observations are consistent with this prediction.
For example, higher frequencies of bacteria producing phenazine
antibiotics have been reported in drier rhizosphere soils'>"; another

'Division of Biology and Biological Engineering, California Institute of Technology, Pasadena, CA, USA. ?Division of Engineering and Applied Science,
California Institute of Technology, Pasadena, CA, USA. ®Division of Geological and Planetary Sciences, California Institute of Technology, Pasadena,

CA, USA. < e-mail: dkn@caltech.edu

Nature Microbiology | Volume 11| April 2026 | 867-876

867


http://www.nature.com/naturemicrobiology
https://doi.org/10.1038/s41564-026-02274-x
http://orcid.org/0000-0001-9631-3244
http://orcid.org/0009-0006-8636-5941
http://orcid.org/0000-0002-7080-4907
http://orcid.org/0000-0002-3430-5393
http://orcid.org/0000-0003-1647-1918
http://crossmark.crossref.org/dialog/?doi=10.1038/s41564-026-02274-x&domain=pdf
mailto:dkn@caltech.edu

Article

https://doi.org/10.1038/s41564-026-02274-x

a
i Median RPK
Metagenomic reads Relative
. abundance =
_—— of aBGC Median RPK
i — 728 BGCs 25 single-copy genes
14,348 genes across ~25,000 genomes
b Cropland Grassland Forest d Within
USA USA Switzerland Pseudomonas
Drying Rewetting Rewetting
k] 77 1.6
o @ o ° ® s 18] :
2@ o 1.4 33
53 : ([ ] 1.2 SO 6
o 5 o 1.4 ’ Se "
55 74 = by : c.Q
&2 2| s 33
°F . | 2[5 © 5 1.4 )
2Es El| ¢ 12 114 =
== = 3 1.2 Z s
K] @ o~ o < 124 @
58] s ©
g2 g e
= 14 O 1 1.0 1.0 1.0 8514 O
T T T T T T T T T T
N X N X N X N X \ X N X
o3 N ® N o S P N o & P QO
c . . .
Carbapenem Chloramphenicol Chlortetracycline Erythromycin l Drought IDrought
o 9 ClHQ =+ \l;l/ Carbapenem — 4
HO OH N* < o
o o M= ‘ o O“‘ Cephamycin C — WM
R, v N CI%N X £ Chloramphenicol - XX X
A Ry © A on OH OH © "OH © Chlortetracycline - WX
Ry Endophenazine - X X
Erythromycin - X X
Rifamycin Pyocyanin Streptomycin Gentamicin - pllege
Pyocyanin - WX
o Rifamycin - > 4 X
> Streptomycin - "0
0
Vancomycin — 2K
T T T T T
-6 -3 0o 3 6
Cohen’s d

Fig. 1| Significant enrichment of antibiotic biosynthesis genes under drought

conditionsinsoil. a, A schematic illustration of the computational pipeline”.

b, Total relative abundance of natural antibiotic BGCs under drought and control

conditions, normalized by the minimum value within each dataset to facilitate

cross-dataset comparisons. RPK refers to the mapped reads per kilobase length
ofthe reference gene. The number of biological replicates used in each dataset

is4,3,3,3and 4. c, Representative structures of natural antibiotics whose

biosynthesis genes found to be enriched under drought conditions. Positive
values of Cohen’s dindicate enrichment under drought, that is, d = 3 indicates
3standard deviations higher in drought conditions’. d, Antibiotic BGCs were
also significantly enriched under drought conditions within the Pseudomonas
population. The data shown are from the Swiss forest dataset; results for the
other datasets are presented in Extended Data Fig. 3.

study found greater richness of nonribosomal peptide adenylation and
polyketide ketosynthase domain fragments—markers of secondary
metabolite biosynthesis—in arid soils'. Higher abundance of several
antibiotic compounds such as streptamine sulfate has also been found

indryer soils®.

Building on these observations, we set out to determine whether
and how drought shapes antibiotic biosynthesis and resistance in
global soils via a combination of computational and experimental
approaches. We further analysed global hospital isolates datato high-
light potential public health consequences of drought-driven elevation

of antibiotic resistance in soil ecosystems.

Results
Drought enriches antibiotic biosynthesis genes in soils

Using a culture-independent approach, we began to assess whether
drought influences antibiotic biosynthesis in soil by compiling five
metagenomic datasets. Within each dataset, drought and control condi-
tions were the only variablesin the experimental design'® " (Methods).

This selection criterion was applied to minimize confounding effects,
which arecommoninlarge-scale ecological studies—for example, cova-
rying temperature in seasonal samples or site-specific differences of
soil properties in latitudinal/longitudinal comparisons. The selected
datasets spangeographically distinct regions (USA, Chinaand Europe)
and encompass diverse land use types, including cropland, grassland,
forest and wetland—together providing acomprehensive, global-scale
perspective. We developed a standardized pipeline (Fig. 1a) to compare
the abundance of antibiotic biosynthesis genes between treatments by
incorporating a curated set of 728 biosynthetic gene clusters (BGCs),
encoding natural products with documented antibacterial activity®.
To account for differences in sequencing depth, we normalized BGC
abundance against 25 universally single-copy housekeeping genes
present across bacterial genomes? (Methods).

Strikingly, inall five datasets, the relative abundance of antibiotic
biosynthesis genes was significantly higher under drought condi-
tions (P < 0.008; Fig. 1b and Supplementary Table 1). This trend is
true for both wet-to-dry shifts (that is, increasing abundance after
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drying, cropland metagenomes in Fig. 1b) and dry-to-wet shifts (that
is, decreasing abundance after rewetting, grassland metagenomesin
Fig. 1b). Within the same dataset, the enrichment becomes stronger
whenthe duration of droughtislonger (for example,1versus 2 months;
Fig.1b, first panel). Such enrichmentis not observed for all genes;asa
negative control, we quantified the relative abundance of the bacterial
chemotaxis gene cheA, findingits relative abundance does not change
significantly or even decreases under drought (Extended Data Fig. 1).
In addition, genes that are expected to be neutral to drought do not
showssignificant differences between drought and control conditions
(P=0.07-0.91; Extended Data Fig. 1 and Supplementary Table1). The
observed enrichment of antibiotic biosynthesis genes under drought
spanned multiple antibiotic classes, including -lactams (for example,
carbapenem and cephamycin), phenazines (for example, pyocyanin
and endophenazine), macrolides (for example, erythromycin) and
aminoglycosides (for example, gentamicin and streptomycin), asillus-
tratedin Fig. 1c. Many of these compounds are not only produced by soil
bacteriabut also play important roles in modern clinical treatments.

To understand the factors driving this enrichment, we consid-
ered the possibility that drought preferentially favours monoderm
Gram-positive bacteria*>**—particularly Streptomyces, a genus well
known for its prolific antibiotic production. Indeed, Streptomyces
accounted for 63.8% of the antibiotic biosynthesis genes identified
across the datasets we analysed (Extended Data Fig. 2). To disentangle
antibiotic biosynthesis from potential confounding effects of mono-
dermenrichment during drought, we repeated our analysis using only
sequences derived from Pseudomonas, a Gram-negative genus not
typically favoured under drought?>** but capable of producing natural
antibiotics. Even within the Pseudomonas population, the enrichment
of biosynthetic genes under drought conditions largely remained
significant (P < 0.02 for four datasetsand P = 0.08 for the US cropland
dataset; Fig.1d and Extended Data Fig. 3). This finding aligns with prior
culture-dependent studies reporting that phenazine-producing Pseu-
domonas are more prevalent in dryer rhizosphere soils'***. Moreover,
arecent study profiling redox-active metabolites—many of which are
natural antibiotics—across a large number of bacterial isolates sug-
gested these metabolites are more prevalent in dryer soils, including
those produced by diverse members of the Proteobacteria®. Taken
together, these results suggest that antibiotic biosynthesis itself is a
beneficial traitunder drought stress and that its selectionis not solely
tied to community shifts reflecting selection for monoderm cell wall
architecture. Although the structural resilience of Streptomyces can
contribute to its success under drought, the ability to produce—and
thus resist—antibiotics may itself be an important factor enhancing
fitness under drought conditions.

Drying concentrates antibiotics and intensifies selection

Tounderstand the mechanism of antibiotic-producing bacteria enrich-
mentunder drought, we developed an experimental method using soil
microcosms to test our hypothesis that drought intensifies selection
forantibiotic-producing microorganisms by concentrating antibiotics
within the soil matrix (Methods). Althoughiit is possible that drought
might upregulate the production of certain antibiotics, resulting in
their enrichment, we found aninsignificantincrease of relative expres-
sionlevel (metatranscriptomic reads per kilobase/metagenomic reads
per kilobase) for antibiotic biosynthesis genes ona community level”
(P=0.69; Extended DataFig.4).Rather, we predicted that theincreased
concentration of antibiotics due to decrease in soil water content upon
desiccation would amplify selection against susceptible community
members while favouring resistant or antibiotic-producing strains
(Fig. 2a).In our experimental microcosms, synthetic soilsinitially free
of bacteria and antibiotics were inoculated with soil bacteria isolated
from Washington State University’s Lind Dryland Research Station** and
supplemented with a known antibiotic, permitting a well-controlled
experimental setup. Starting from identical baseline conditions, we

mimicked drought and control conditions by adjusting evaporation
rates (Methods). Differential evaporationrates gradually led to distinct
soil water content over a 3-day period, resultinginathreefold increase
ineffective bulk antibiotic concentration (Fig. 2b). We selected a 3-day
drying window to mimic a short-term drought exposure, consistent
with the timescale at which significant metagenomic changes were
observed in natural grassland soils (Fig. 1b). The same concentrating
effect can be expected under longer drought durations.

Using phenazine-1-carboxylicacid (PCA) as arepresentative natu-
ral antibiotic, we assessed its selective potency under drying treat-
ment. PCArepresents abroad family of phenazine compounds thatare
widely distributed in global soils*” and are known to confer collateral
resistance to clinical antibiotics***°. PCA can kill sensitive bacteria by
inducing oxidative stress, while bacteria can tolerate and resist PCA
if they possess certain efflux pumps and oxidative stress response
enzymes”. Using our soil microcosm system, we tested multiple soil
bacterial species from our dryland isolate collection with respect to
PCAtolerance®. Their relative fitness was measured by the number of
colony-forming units (CFUs) following PCA treatment normalized by
CFUs without PCA exposure, measured under either drying or control
conditions. We set the initial PCA concentration to 100 uM based on
its environmental relevance?; this concentration diverged over time
between drying and control conditions due to differential water loss.
We found that PCA-sensitive strains such as Chryseobacterium shigense
(Bacteroidetes) exhibited over 99% reductioninrelative fitness under
drying conditions but only around 5% reduction under control condi-
tions (P=0.01between drying and control; Fig. 2c), apattern compara-
bletothat observed by directly increasing PCA concentration threefold
under control conditions (Fig. 2d). By contrast, PCA-resistant species
such as Pseudomonas synxantha (Pseudomonadaceae) showed no
significant difference inrelative fitness between drought and control
conditions (P=0.61; Fig. 2c). This pattern held true across other phy-
logenetic clades—forexample, Arthrobacter pascens (Actinobacteria,
PCA-sensitive, P=0.003) versus Pantoea agglomerans (Enterobacte-
riaceae, PCA-resistant, P= 0.86)—demonstrating that drying-induced
antibiotic concentration selectively disadvantages susceptible taxa
while enriching for tolerant ones, including producers who are intrinsi-
cally resistant to the antibiotics they synthesize.

Ifconcentrationindeed drives the enrichment of antibiotic toler-
ant bacteria, we reasoned that we should be able to observe similar
enrichment for other traits in the metagenomic datasets that would be
subject to positive selection due to concentration. To test this hypoth-
esis, we searched for genes encoding the type VI secretion system
(T6SS)—acontact-dependent mechanism often used by bacteria to kill
neighbouring cells*. Under drought, as bacterial cells become more
physically concentrated withinreduced pore spaces, traits such as T6SS
should also confer a greater competitive advantage®. Because T6SS
have been described primarily in Gram-negative bacteria such as Vibrio
and Pseudomonas—the former being more relevant to marine environ-
ments—we focused our analysis on Pseudomonas populations within
our soil datasets. As predicted, we observed a significant increase in
the relative abundance of T6SS effector genes under drought across
all five metagenomic datasets (P < 0.03; Extended Data Fig. 5). These
findings reinforce the conclusion that drought-driven concentration
effects intensify selection and contribute to functional shifts in soil
microbial communities.

Elevated antibiotic resistance in soils under drought

Having experimentally demonstrated that drying-induced concentra-
tion of natural antibiotics favours antibiotic-resistant bacteria over
susceptible ones, we predicted that the relative abundance of antibi-
otic resistance genes should also increase under drought. To test this
prediction, we reanalysed the same five soil metagenomic datasets
used in our analysis of antibiotic biosynthesis, finding that the relative
abundance of antibiotic resistance genes was significantly higher under
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Fig. 2| Drying intensifies selection by concentrating antibiotics. a, A schematic
illustration of drought-induced concentration of natural antibiotics. Soil bacteria
(red and black rods) and natural antibiotic molecules (grey tri-hexagons) are
depicted withina water layer (blue) surrounding a soil particle (tan oval). Drying
reduces water content, thereby concentrating antibiotics, which selectively
disadvantages sensitive (red) bacteria relative to resistant (black) bacteria.

b, Left: synthetic soil microcosms subjected to drying and control treatments

for 3 daysinoculated with bacteria known to be either sensitive or resistant to
PCA.Photographs were taken at the end of the incubation period. Right: water
contentin each condition. The average of measurements for two replicates are

shown. Dark blue: control conditions; light blue: drying conditions. The grey
lineindicates relative bulk concentration of phenazine in water under drying
conditions compared with under control conditions, calculated based on initial
concentrations. The error bar indicating standard error is smaller than the size of
the symbols. ¢, Relative fitness of sensitive and resistant strains (defined as CFUs
insoil with100 uM PCA normalized by CFUs without PCA, either under drying or
control conditions) in soil microcosms after 3 days. d, Relative fitness of sensitive
and tolerant bacteria under control conditions following exposure to a range of
initial PCA concentrations.

droughtin all cases (P < 0.008; Fig. 3a). This observation is consist-
ent with previous findings reporting increased antibiotic resistance
gene abundance in estuarine sediments during drier spring seasons
compared to wetter summer months®. Moreover, antibiotic resist-
ance gene abundance was strongly correlated with the abundance of
antibiotic biosynthesis genes (Pearson’sr> 0.80, P < 0.01), supporting
theideathat elevated resistance reflects increased selective pressure
from natural antibiotics. Taxonomic composition analysis of antibiotic
resistance genes suggests that resistance is not limited to antibiotic
producers themselves but also accumulates in non-producing taxa sub-
jecttoantibiotic-driven selection (Extended Data Fig.2). For example,
Rhodococcus and Nocardia, which only accounted for <1% of increase in
antibiotic biosynthesis genes, both contributed >20% of theincreasein
antibiotic resistance genes. Streptomyces, while contributing 63.8% of
antibiotic biosynthesis genesin our datasets, accounted for only 14.6%
of antibiotic resistance genes detected.

In addition to finding metagenomic evidence indicating that
drought selects for antibiotic resistance, we also tested whether such
arelationship could be validated phenotypically. We collected natural
soil samples from the California Institute of Technology (Caltech) cam-
pus containing intact microbial communities and their endogenous
antibiotic compounds (Extended Data Fig. 6). As with the synthetic soil
microcosms, each sample underwent drying treatment to mimic the
drought process and was compared with control conditions (Fig. 3b).
After 3 days of incubation, we quantified the resistance frequency of
members of the microbial communities in each treatment, defined
as the number of CFUs that grew on a selective medium containing

antibiotics, normalized by the number of CFUs that grew on the same
medium without antibiotics (Fig. 3b). We tested four molecules rep-
resenting different antibiotic classes: ampicillin (a -lactam targeting
cell wall biosynthesis), ciprofloxacin (a fluoroquinolone targeting
DNA replication), kanamycin (an aminoglycoside targeting protein
synthesis) and PCA (a phenazine generating reactive oxygen species).
Consistent with the metagenomic data, we found that soils exposed to
drying treatment exhibited significantly higher resistance phenotypes
than controls overall (paired Wilcoxon test, P=5.3 x 107%; Fig. 3c), con-
firming that drought selects for antibiotic resistance.

Global correlation between clinical resistance and aridity

The enrichment of antibiotic-resistant genes and antibiotic-resistant
bacteriain drought-stressed soils may haveimportantimplications for
human health. Many of the taxaenriched under drought—such as Nocar-
dia, Streptomyces and Mycobacterium (Extended Data Fig. 2)—have
close relatives that are known human pathogens, including Nocardia
asteroides™, Streptomyces somaliensis**, Mycobacterium tuberculosis™
and Mycobacterium leprae®. Furthermore, antibiotic-resistant
genes can be transferred from environmental microorganisms to
human pathogens via horizontal gene transfer (HGT), even across
long phylogenetic distances. Prior studies have found evidence for
recent antibiotic-resistant gene exchange between soil bacteria and
clinical pathogens”, including from natural antibiotic producers™.
Furthermore, the rate of HGT is also expected to be higher in dryer
soils®. Consistent with these findings, we also observed that some
drought-enriched antibiotic resistance genes in soil showed signs of
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Fig. 3| Genotypic and phenotypic evidence for elevated antibiotic resistance
under drought. a, Relative abundance of antibiotic resistance genes under
drought and control conditions, normalized by the minimum value within

each dataset for cross-dataset comparison. Number of biological replicates
used in each datasetis4, 3, 3,3 and 4. b, Experimental setup using natural

soil microcosms to quantify phenotypic antibiotic resistance. ¢, Phenotypic
resistance frequency (RF) is significantly higher under drying conditions
compared with controls (falling in the region below the line of equivalency). The
dataare presented as mean values + standard error calculated from two technical
replicates. The Pvalue is generated from one-sided paired Wilcoxon test.

d, Recent HGT of drought-enriched antibiotic resistance genes across ESKAPE
pathogens (red nodes). The blue node indicates non-ESKAPE pathogen taxon
often found in soil. The edges represent 100% sequence identity. The valuesin
brackets indicate the number of genomes harbouring 100% identical sequences.

Network structure was visualized by R package visNetwork. e, Strong positive
correlation between the De Martonne aridity index and the average frequency of
antibiotic resistance among clinical isolates across more than 100 countries. The
closed dots and black line indicate all countries, whereas open dots and grey lines
indicate high-income countries (per capita gross national income >US$13,846
per World Bank definition). The data are presented as mean values + standard
error. Resistance frequencies were averaged within consecutive intervals of
aridity index to visualize the trend; see Extended Data Fig. 8 for full dataset.

f, Predicted changes in average hospital antibiotic resistance frequency—as in
c—from2025t0 2050, based on climate model projections of De Martonne aridity
index shifts, excluding latitudes greater than 60° N covered by permafrost*®. The
prediction was made based on the SSP2-4.5 moderate scenario and depicts the
average of projections based on three widely used climate models GISS-E2-1-G,
MPI-ESM1-2-HR and HadGEM3-GC31-LL. RF, resistance frequency.

recent HGT across pathogens. For example, aac(3)-Iva, an aminogly-
coside N-acetyltransferase conferring resistance to aminoglycosides,
was enriched under drought (median Cohen’s d = 0.70). A bioinformatic
search of public databases revealed that this gene is present in com-
mon soil taxa such as Streptomyces (97 genomes) and Rhodococcus (2
genomes), as well as in alarge number of clinical ESKAPE pathogen
(agroup of highly virulent bacteria that often “escape” the effects of
common antibiotics) genomes, including Enterococcus faecium (25

genomes), Klebsiella pneumoniae (2,669 genomes), Acinetobacter
baumannii (7 genomes), Pseudomonas aeruginosa (34 genomes) and
Enterobacter spp. (79 genomes) (genomes accessions were detailed in
NCBIIdentical Protein Groups ID: WP_001199192.1; Fig. 3d). Strikingly,
all of these soil and clinical genomes share this antibiotic-resistant
gene with 100% sequence identity, indicating recent or even ongo-
ing horizontal transfer. Similarly, acc-4, a class C 3-lactamase
hydrolysing cephalosporin that was enriched in soil under drought
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(median Cohen’s d = 0.81), also shows signs of recent HGT between
A. baumannii and K. pneumoniae (detailed in NCBI Identical Protein
Groups ID: WP_063857708.1; Extended Data Fig. 7). These findings
point to recent gene flow between soil and clinical bacteria and sug-
gest that drought-enhanced resistance in environmental reservoirs
may have direct implications for the spread of antibiotic resistance
in clinical pathogens.

Previous studies have further shown frequent transmission
of bacteria from soil to humans through various pathways such as
agriculture®, recreation*® and dust inhalation*, motivating us to ask
whether drought leaves a detectable signature in the frequency of
clinical antibiotic resistance. To test this hypothesis, we analysed anti-
biotic resistance data from hospitals collected in over 100 countries,
along with climate data corresponding to each hospital’s geographic
location*. Using annual precipitation (P) and mean temperature (7),
we calculated the De Martonne aridity index*®, defined as P/(T +10), to
approximate the cumulative effects of drought at each site. Remark-
ably, we found a strong negative correlation between aridity index and
the average frequency of resistant clinical isolates (R*= 0.80; Fig. 3e
and Extended Data Fig. 8), suggesting that climate-driven selection
in soil ecosystems may have far-reaching consequences for global
public health. To control for economic factors that might covary with
aridity butindependently influence resistance rates—possibly through
antibiotic stewardship and healthcare infrastructure—we repeated
the analysis using only high-income countries (defined as having a per
capita gross national income >US$13,846, according to World Bank).
The overall hospital antibiotic resistance frequency decreased by 8%in
this subset (parallel downshifting of the fitting linein Fig. 3e), indicating
thateconomic factors do contribute to hospital antibiotic resistance.
However, the negative correlation between hospital antibiotic resist-
ance and the aridity index remained equally strong (R*= 0.80; Fig. 3e),
reinforcing the robustness of the association between climate aridity
andclinicalresistance, independent of country economicincome level.

We further leveraged this linear relationship to predict future
changes in resistance burden for regions undergoing climatic transi-
tions in De Martonne aridity index as a function of temperature and
precipitation. Specifically, we considered three Shared Socioeco-
nomic Pathways (SSPs)**—SSP1-2.6 (best case) (Extended DataFig. 9b),
SSP2-4.5 (moderate) (Extended Data Fig. 9a) and SSP5-8.5 (worst case)
(Extended Data Fig. 9c)—eachrepresenting a different greenhouse gas
emissions scenario. For each pathway, we averaged projections from
three widely used climate models: GISS-E2-1-G*, MPI-ESM1-2-HR*®
and HadGEM3-GC31-LL", to estimate changes in aridity index from
2025 to 2050. Although high-latitude regions in the Northern Hemi-
sphere are projected to undergo substantial temperature increases,
we exclude them from our projection because rising temperature in
theseregions would be expected tolead to permafrost melting rather
than an increase in soil aridity*®. Our projections indicate that every
populated continent contains regions that may face a heightened risk of
antibiotic resistance emergence driven by climate change, motivating
future work to monitor such changes (Fig. 3f).

Discussion

In this study, we demonstrate that drought consistently selects for
elevated antibiotic resistance in soil microbial communities, at both the
genotypicand phenotypiclevels. Furthermore, we showed that regional
aridityis strongly correlated with the prevalence of antibiotic resistance
inclinical settings across more than100 countries. These findings point
to the existence of an environmental ‘soil-clinic axis’, which operates
in parallel to the traditional drug discovery pipeline derived from soil
microorganisms. Although the conventional soil-clinic axis has focused
onthebeneficial extraction of antibiotics from soil, our results suggest
that environmental selection exerted by these ubiquitous soil natural
products may contribute to the global burden of clinical resistance.
Central to this concept is the recognition that natural antibiotics are

structurally or functionally connected to clinically used drugs and that
this similarity promotes selection for collateral antibiotic resilience™.
We propose that akey mechanism driving resistance enrichment
under droughtis the concentrating effect: as soil dries, natural antibi-
otics—especially their bioavailable, aqueous-phase fraction—become
more concentrated in the remaining pore water. Beyond this direct
effect, drought also introduces additional, more nuanced mecha-
nisms that may influence the selective strength of antibiotics. For
instance, studies in pure culture have shown that osmotic stress can
sometimes modulate antibiotic activity, in some cases enhancing***°
and in other cases reducing drug effectiveness’-*, depending on the
compoundand the physiology of the organism®>. Moreover, prolonged
drought may also alter the degradation rates of certain antibiotics in
soil. Studies have shown that reduced soil moisture can slow down the
degradation of some antibiotics® butaccelerate others®. Despite these
context-specific effects, we argue that the heightened concentration of
antibiotics under drought provides adirect, robust, broadly applicable
and ecologically relevant mechanism. It explains the consistent enrich-
ment of both biosynthesis and resistance genes across different classes
of natural antibiotics, diverse environments and varying timescales.
Thestrong correlation between aridity and clinical antibiotic resist-
anceis concerning given anticipated global climatic changes. We note
that the observed correlation is based on cross-sectional data, and
additional research is needed to trace the pathways of gene flow from
soiltothe clinic to demonstrate a causal relationship. Future studies are
alsoneeded to examine the drought-antibiotic resistance relationship
across more geographically diverse soils (for example, Africa) in addi-
tion to those from previous studies. Nevertheless, our study offers a
clear example of how climate change has the potential to intersect with
microbial ecology to shape public health outcomes. These findings
underscore the importance of integrating environmental and clinical
perspectives within a unified One Health framework’®*". As climate
instability intensifies, such integrative approaches will be critical for
anticipating and mitigating the global trajectory of antibioticresistance.

Methods
Metagenomic analysis
We compiled five metagenomic datasets from four previous studies
in which drought was the only variable in the experimental design.
This selection criterion was applied to minimize confounding effects,
which are commonin large-scale ecological studies that often rely on
black-box statistical methods with varying degrees of reliability and
interpretability. For instance, we excluded comparisons such as dry
summer versus wet winter, where temperature also differs. Similarly,
we did not use data based on latitudinal or longitudinal gradients, as
such datasets involve samples from widely separated locations with
highly heterogeneous soil characteristics. The final datasets selected
include: (1) croplandin California, USA', where sorghum rhizosphere
samples under no-irrigation and regular watering conditions were
collected with two replicates per condition per timepoint (two time-
points (4 weeks and 8 weeks) under drought or control conditions were
selected, yielding eight metagenomes into our collection); (2) grass-
landin California, USA”, where near-surface soil was sampled at the end
of the dry season, along with soil collected after 3 days of rewetting,
with threereplicates per condition (two sites (Hopland and McLaugh-
lin) were selected into our collection, each with six metagenomes); (3)
aforest site in Valais, Switzerland'®, where Scots pine forest soil was
sampled either without irrigation or under doubled-precipitation,
each with four replicates, yielding eight samples; and (4) awetland in
Nanchang, China”, where natural soils with high and low water content
(-6.7-fold difference) were designated as wet and drought treatments,
each with three replicates, for a total of six metagenomes (National
Microbiology Data Center, ID: NMDC20147401).

We developed a computational pipeline to quantify the relative
abundance of antibiotic biosynthesis genes and antibiotic resistance
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genes. To construct a reference for biosynthesis genes, we filtered
the 3,013 BSGs from the MIBiG database® (version 4.0) to retain
only those with documented antibacterial activity, removing retired
entries, resulting in 728 BSGs. We further excluded genes annotated
astransporters or transcriptional regulators to avoid ambiguous map-
pings, resulting in a curated set of 14,348 genes. For antibiotic resist-
ance genes, we compiled 6,048 sequences from the CARD database
(December 2024 release)’®. To normalize for sequencing depth, we
constructed a total-bacteria reference gene set based on the bac120
single-copy marker set, downloaded from the Genome Taxonomy
Database?. We selected the 25 most ubiquitous genes and extracted
their protein sequences for downstream normalization as described
inour previous work?”.

Metagenomic raw reads were quality-filtered using fastp®’
(version 0.23.2) with default parameters, and then mapped to the
protein database using DIAMOND® (version 2.1.8.162) with the -k 1
option to retain only the best hit. Translated reads mapping below
80% amino acid identity were discarded, and read counts were nor-
malized by average gene length. For each gene in the reference set,
anormalized score of reads per kilobase length was calculated and
divided by the median score of the total-bacteria genes to produce a
relative abundance estimate. This approach hasbeenbenchmarkedin
our previous work”. To calculate Cohen’s d for each biosynthesis gene
cluster, we quantified the median of relative abundance estimate for all
genesin eachbiosynthesis gene cluster for each sample under drought
or control conditions.

To assess biosynthesis gene abundance specifically in Pseu-
domonas, we repeated this mapping process using a curated set of 31
biosynthesis clusters together with housekeeping genes from Pseu-
domonas genomes. To quantify T6SS effector genes, we leveraged a set
of 12,306 reference genes (SecReT6 version 3) of T6SS effector genes
derived from Pseudomonas genomes®. To prevent artificial inflation
of correlations between antibiotic biosynthesis genes and antibiotic
resistance genes due to potential overlaps, we removed any biosynthesis
genes showing homology to antibiotic resistance genes (>50% amino
acid identity and >80% coverage) using MMseqs2°* before calculating
their correlations. We leveraged a published dataset® with coupled
metagenomics and metatranscriptomics to evaluate therelative expres-
sion level of natural antibiotic biosynthesis genes, which is quantified
by the ratio of metatranscriptomic reads per length and metagenomic
reads per length mapped to the aforementioned curated set of refer-
ence genes for antibiotic biosynthesis. To identify recent HGT events
of antibiotic resistance genes, we searched the NCBI database of Iden-
tical Protein Groups for gene sequences with 100% homology that are
present in different species. The full list of different species carrying
identical sequences aac(3)-lvaand acc-4 genes are detailed under NCBI
Identical Protein Groups ID WP_001199192.1 and WP_063857708.1.

Allmetagenomic analyses were performed on the Caltech Resnick
HPC cluster. Gene sharing network was visualized by R package
visNetwork® 3,

Soil microcosm experiments

We established acontrolled experimental system for soil microcosms.
Soil bacteria were isolated from soil samples collected from a wheat
field at Washington State University’s Lind Dryland Research Station, as
previously described”. Synthetic soil consisted of 70-80% sphagnum
peat moss blended with perlite and calcium silicate (Sun Gro Horti-
culture Canada). The mixture was autoclaved and dried overnight at
55 °Cbefore use. Weinoculated 0.1 g of synthetic soil into each well of a
12-well plate. Each well received 1 ml of water, either containing 100 pM
PCA (treatment) or no antibiotic (control). Based on the measured bulk
density (8.5 ml g™), this corresponded to a volumetric water content
of 54.1% (v/v). Bacterial cultures grown overnightin Luria-Bertani (LB)
medium were added at 50 pl per well and mixed thoroughly using a
pipette tip. To prevent cross-contamination, empty wells were placed

between wells inoculated with different bacteria or conditions. Plates
were incubated at 30 °C. Control groups were covered with standard
plasticlids that allowed slow evaporation, while drought groups were
covered with breathable paper film to accelerate evaporation. Water
loss was recorded at 24, 48 and 72 h to calculate differences in water
contentand effective antibiotic concentration between the two treat-
ments. After 3 days of incubation, soil from each well was transferred
into 5 mIPBSina50 mlFalcon tube using a plastic spatula. The well was
thenwashed withanadditional 5 mI PBS to collect any remaining bacte-
ria. Samples were vortexed for 1 min and sonicated for1 min torelease
bacteriainto theliquid phase. The suspension was serially dilutedina
96-well plate and spotted on LB agar plates for CFU counting.

Phenotypic quantification of antibiotic resistance
Natural soil samples were collected from three locations on the Caltech
campus (Pasadena, CA, USA) (Extended Data Fig. 6). Soil was trans-
ported in 50 ml Falcon tubes, and 2 g from each site was placed ina
six-well plate. Each well received 1 ml of water. Drought treatments
were covered with breathable paper film, while control treatments
were covered with standard plastic lids, as described above. All plates
were incubated at 30 °C for 3 days. After incubation, CFUs were meas-
ured on tryptic soy broth agar with and without antibiotics. To sup-
press fungal growth, all plates were supplemented with 100 pg ml™
cycloheximide. The antibiotics used were kanamycin (50 pg ml™), cip-
rofloxacin (1 pg ml™), ampicillin (100 pg ml™) and PCA (100 pM). Plates
were incubated at room temperature with light shielding for 2 days.
Because natural microbial communities produce colonies with variable
size and growth rates, we used one agar plate per dilution rather than
multi-spotting. For each condition, two technical replicates (plates)
were included to reduce counting noise. CFUs were counted using a
digimatic colony counter (Labline Instruments), selecting only those
dilution plates with 10-200 colonies. We performed this experiment
twice: on 7 February 2025 (after a rainfall event), testing kanamycin
and ciprofloxacin, and again on 14 February 2025 (also after a rainfall
event), testing ampicillinand PCA. Intotal, this experiment consumed: 3
sites x (4 antibiotics + 2 no antibiotic controls) x 4 dilutions x 2 technical
replicates x 2 conditions (drought versus wet control) = 288 agar plates.
We note that this approach captures only a subset of soil micro-
organisms that are culturable on tryptic soy broth and form colonies
within2 days. However, because resistance frequency was calculated as
theratio of CFUs on selective versus non-selective mediaand compared
between drought and control treatments from the same startinginocu-
lum, variationin cultivability or growth rate was internally controlled.

Hospital data and climate projections

The hospital antibiotic resistance data and its accompanied data of
annual mean temperature and annual precipitation were requested
fromthe authors of arecent global-scale study*. This recent study rep-
resents acomprehensive global-scale effort to aggregate and analyse
hospital antibioticresistance frequencies, laying a critical foundation
toinvestigate the linkage between clinical resistance and environmen-
talfactors. The datawere collected from hospitals across 116 countries,
where antibiotic resistance frequency was defined as the proportion
of tested hospital isolates—restricted to antibiotics with >30 tested
isolates—that were classified as non-susceptible. We calculated the De
Martonne aridity index for each hospital location as P/(T +10), where
Pisannual precipitationand Tis annual mean temperature*’. For each
five-unit consecutive interval of the aridity index, we calculated and
reported the average frequency of resistant clinical isolates and the
associated standard error. The per capita gross national income data
were accessed from the database of the World Bank®*,

We obtained daily global climate projections at 0.25° x 0.25°
resolution from the NASA Earth Exchange Global Daily Downscaled
Projections (NEX-GDDP-CMIP6) dataset®*°. The Coupled Model
Intercomparison Project (CMIP) systematically compares climate
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models across various organizations under shared socioeconomic
pathways (SSPs), which represent different greenhouse gas emis-
sions scenarios***’. For our analysis, we selected three climate models:
GISS-E2-1-G from NASA’s Goddard Institute for Space Studies* and
two additional high-performing international models: MPI-ESM1-
2-HR from Germany’s Max Planck Institute for Meteorology*® and
HadGEM3-GC31-LL from the United Kingdom’s Met Office Hadley
Centre*’. We focused on three SSP scenarios: SSP1-2.6 (best case), SSP2-
4.5 (moderate) and SSP5-8.5 (worst case). Using the Xarray library in
Python®, we read the .nc files into a DataArray with the precipitation
and near-surface air temperature data for 2025 and 2050. Oceanic grid
points (NaNs) were replaced with zero since we only aim to calculate
the projected changes forland where people live. We computed annual
total precipitation and mean temperature for each grid cell. These
metrics were then used to calculate the De Martonne Aridity Index
for both years. We estimated changes in antibiotic resistance by mul-
tiplying the projected change inaridity index (2025-2050) by a factor
of —0.28, based on the linear relationship in Fig. 3e. Using Python’s
Cartopy library®, we visualized projected resistance changes on global
PlateCarree maps with colour gradients from dark blue (low) to dark
red (high resistance). We constructed an ensemble by stacking projec-
tions from all three models, calculating the ensemble mean for each
SSPscenario. Projected changes were shown under SSP2-4.5 (moderate
case, Extended DataFig. 9a), SSP1-2.6 (best-case, Extended DataFig. 9b)
and SSP5-8.5 (worst-case, Extended Data Fig. 9c).

Statistics

Statistical analyses, including t-tests, Wilcoxon tests and Cohen’s d
effect size”® calculations, were conducted in R (version 4.4.2). We use
one-sided t-test to determine the statistical significance of increasing
relative abundance of genes and decreasing relative fitness of isolates
under drought compared with the control. We use paired Wilcoxon
test to determine the statistical significance of increasing relative
frequency of antibiotic bacteriaunder drought compared with control
across all sites and all compounds. All ¢-values, degree of freedom,
Pvalues and number of samples used for each ¢-test are provided in
Supplementary Table1.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Alldataareavailable withinin the article andits Supplementary Infor-
mation. The following accession numbers allow access to the metagen-
omic raw datawe used from previous studies: cropland metagenomes
PRJNA435634, grassland metagenomes PRJINA859194, forest metage-
nomes PRJEB22281, wetland metagenomes NMDC20147401. Source
data are provided with this paper.
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Extended Data Fig. 1| Normalized relative abundance of control genes under drought and control. Top panel: Bacterial chemotaxis gene cheA; middle panel:
UMP kinase pyrH; bottom panel: ribosomal maturation protein RimM. Closed dots indicate drought and open dots indicate control. P values, degree of freedom and t
statistics are reported in Table S1.
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Extended Data Fig. 2| Taxonomic composition of antibiotic resistance genes and antibiotic biosynthesis genes. Mean relative abundance is normalized to the
minimal values for each group. Taxonomic assignments are based on the best-matching reference genes in the MiBIG database (for antibiotic biosynthesis genes) or
the CARD database (for antibiotic resistance genes).
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Extended DataFig. 3| Abundance of Pseudomonas-derived antibiotic BGCs normalized by Pseudomonas population abundance. Enrichment of antibiotic

resistance biosynthesis genes remains significant within Pseudomonas. Closed dots indicate drought while open dots indicate control.
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Extended Data Fig. 4 | Relative expression level of natural antibiotic biosynthesis genes under drought and control conditions. Relative expression level is
quantified as the ratio of metatranscriptomic reads per kilobase and metagenomic reads per kilobase. There are no significant differences between drought and
control (P=0.69). The datawas originally from ref. 32.
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Extended Data Fig. 5| Significant enrichment of T6SS effector genes within the Pseudomonas population. Closed dots indicate drought while open dots indicate

control.
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Extended Data Fig. 6 | Sampling sites of natural soil at Caltech campus. A: 34.1372149 N, 118.1276953 W; B: 34.1367032 N, 118.1268789 W; C: 34.1367229 N,
118.1243942 W.
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Extended DataFig. 7| Recent horizontal gene transfer of drought-enriched insoil. Edges represent100% sequence identity. Values in brackets indicate the
antibiotic resistance genes across ESKAPE pathogens. Red nodes indicate number of genomes harboring 100% identical sequences. Network structure was

ESKAPE pathogens and blue nodes indicate non-ESKAPE pathogens often found visualized by R package visNetwork.
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The correlation is shown at the level of individual data points (n = 913) prior to trend still holds even without aggregating the data. Data are presented as mean

averaging shownin Fig. 3e. Asignificant negative correlation remains whenusing  values +standard error.
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Extended Data Fig. 9| Projected antibiotic resistance changes. We exclude latitudes greater than 60 °N covered by permafrost®*, under (A) SSP2-4.5 scenario,
(B) SSP1-2.6 scenario and (C) SSP5-8.5 scenario.
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